An econometric model is specified in which an individual's income and the income mix of the neighbourhood in which the individual resides are endogenous, thus providing a holistic model of phenomena that previously have been fragmented into neighbourhood effects and neighbourhood selection literatures. To overcome the biases from selection and endogeneity, the parameters of this model are estimated using instrumental variables in a fixed-effect panel analysis employing annual data on 90 438 working-age males in Stockholm over the 1995-2006 period. Evidence is found of both neighbourhood effects and neighbourhood selection, but more importantly, it is found that the magnitudes of these effects are substantially altered when taking selection and endogeneity biases into account, compared with when only controlling for selection. When taking endogeneity into account, the apparent impact of neighbourhood income mix on individual income is magnified and the effect of individual income on the percentage of high income in the neighbourhood is magnified.
Introduction
Two substantial, interdisciplinary literatures have developed over the past three decades. One has focused on neighbourhood selection and sorting by income, building our understanding about why and where people move. The other has focused on neighbourhood effects, building our understanding about the degree to which residential context exerts independent effects on a variety of outcomes for residents. Unfortunately, they have long remained artificially segregated from each other in conceptual and empirical terms Recently, Galster (2003) , Doff (2010) and Hedman (2011) have provided distinctive but complementary conceptual models linking these two literatures by illuminating their numerous mutually causal interconnections.
1 They argue that: individual characteristics affect what neighbourhood is selected when they move; the neighbourhood selected affects some individual characteristics; these, in turn; affect whether that individual remains in the current neighbourhood and, if not, what different neighbourhood will be selected; and failure to recognise these interrelationships leads to biased statistical estimates. The upshot is that both neighbourhood selection and neighbourhood effects literatures would be enriched by a more holistic, unifying approach.
Our paper aims to advance such an approach empirically, building on these conceptual models. We first summarise the key empirical challenges a holistic framework raises, and the scant empirical research advancing such an approach. We then specify an econometric model in which an individual's income and the income mix of her neighbourhood are endogenous-i.e. mutually causal in a structural equation system. We estimate parameters using both fixed-effects (i.e. person-specific dummy variables serving as proxies for unobserved characteristics) alone and then in combination with instrumental variables (i.e. exogenous variables that serve as proxies for endogenous ones), employing annual data on 90 438 working-age males in Stockholm over the 1995-2006 period. We find strong support for our empirical approach.
Our paper makes two primary contributions. First, it represents the first holistic econometric model to specify endogenous relationships between an individual's income and the income mix of the neighbourhood in which the individual resides. Secondly, because it uses both instrumental variables as substitutes for the endogenous variables and a fixed-effect panel analysis, it addresses both sources of bias that have been endemic (although often unrecognised) in prior neighbourhood effect and neighbourhood selection studies: endogeneity and selection on unobservables. We demonstrate that these biases can be substantial.
Research Challenges from the Perspective of the Holistic Model
Incorporating neighbourhood selection and neighbourhood effects into a holistic framework raises several methodological challenges (Hedman, 2011) . In this paper, we focus on two critical ones: selection on unobservables (omitted variables) and endogeneity (mutual causation). In any statistical study there is likely to be a set of unobserved individual characteristics that influence both selection into and out of neighbourhoods and observed individual behaviours and outcomes that are not only of intrinsic interest but may also influence neighbourhood selection. In these circumstances, partial correlations between neighbourhood characteristics and individual characteristics will not provide unbiased estimates of the true magnitude of the causal influence of one on the other, regardless of which direction of causation is posited. An illustration of an unobserved characteristic is the salience given to visible symbols of prestige; those placing great weight on this will both work harder to evince higher incomes and will try to live in prestigious neighbourhoods. In a model testing the effect of neighbourhood prestige on individual income, how much causal impact can be rightfully attributed to the former with 'prestige salience' uncontrolled? The same can be asked of a model testing the effect of an individual's income on what neighbourhood prestige will be selected. The selection on the unobservables problem is well known in the neighbourhood effects literature (for example, Jencks and Mayer, 1990; Galster, 2008) .
2 It should be of equal concern in the neighbourhood selection literature but has been largely ignored.
The other challenge is endogeneity. The selection of neighbourhood is often made jointly with other decisions, such as dwelling tenure and expected length of stay, and thus it is challenging to separate the independent causal effect of the neighbourhood on subsequent individual outcomes from the effects of other interrelated decisions (Galster, 2003) . Moreover, all these interrelated decisions are made on the basis of the individual's resources, yet arguably these are also affected in turn by the neighbourhood that ultimately is chosen, if indeed neighbourhood effects are present. Thus, there are several dimensions of complex, mutual causality embedded here. In these circumstances, the researcher cannot blithely place one endogenous variable on the right-hand side of the equation and another on the left-hand side and claim that the resulting partial correlation provides an unbiased measure of causation in one direction or the other.
Endogeneity is rarely addressed by the neighbourhood effect literature, with the exception of studies of spatial mismatch where discussions about the simultaneity of the choices of residential location and (access to) employment or earnings are relatively frequent (Ihlanfeldt and Sjoquist, 1998) .
Numerous empirical neighbourhood effects studies have tried to address the challenge of selection on unobservables by using one of several methodologies that try to break the correlation between unobserved individual characteristics and the predictor neighbourhood characteristics and individual outcomes being modelled; see Galster (2008) and Hedman (2011) for recent reviews. However, most studies employ methods that do not tell us anything about selection processes, something that should be of intrinsic interest to neighbourhood effect scholars (Sampson and Sharkey, 2008) . Only three studies in this genre to our knowledge have tried to model neighbourhood selection and then use this model to correct for selection on unobservables bias in a subsequent neighbourhood effects model. Ioannides and Zabel (2008) investigated how neighbourhood population externalities affected housing structure demand in US metropolitan areas. They took a two-stage approach wherein they first estimated a nested conditional logit model of neighbourhood selected by movers while the second used these estimates as Heckman-style probabilistic control variables for selection bias when analysing housing demand. Their firststage results showed that US households move to places inhabited by people similar to themselves in terms of income, age and race. Their second-stage results showed that controlling for selection had large impacts, in this case strengthening the apparent effects of neighbourhood characteristics on housing structure demand. However, given its focus, this study did not explore potential reciprocal causal relationships. Galster et al. (2007) developed a model wherein parental housing tenure, expected length of stay and neighbourhood poverty rate were endogenous over the first 18 years of a child's lifetime and, in turn, jointly affected their outcomes measured as young adults. They used two-stage least squares to obtain instrumental variable (IV) estimates for: shares of childhood years spent in a home owned by parents, shares of childhood years when there were no residential moves, and mean neighbourhood poverty rate experienced during childhood, which they employed in second-stage equations predicting education, fertility and income outcomes. The results indicated that being raised in higher-poverty neighbourhoods had a substantial negative effect on educational attainments and indirectly on incomes.
Sari (2012) developed a two-equation simultaneous model using 1999 census data on Paris-region adult males wherein residence in a deprived neighbourhood or not was one outcome and being employed or not was the other, and the two were mutually causal. Sari employed a bivariate probit maximum likelihood method with a family fertility IV to obtain an unbiased estimate of the effect of deprived neighbourhood residence on an individual's employment probability. He found that residence in a deprived neighbourhood was associated with substantially lower employment probabilities. Unfortunately, Sari did not attempt to estimate the deprived neighbourhood residence equation with an instrumental variable for employment, so a holistic empirical portrait is missing.
Thus, in the literature, there is no example of estimating fully a structural equation model where neighbourhood characteristics and the effects of these characteristics on individuals are endogenous. We advance the literature by specifying such a model of income mix of neighbourhood of residence and individual income.
3 For estimating parameters of this model we agree with Galster et al. (2007) and Sari (2012) that the IV strategy holds the greatest potential because, in principle, estimates based on valid and strong instruments should overcome biases from both selection on unobservables and endogeneity. Moreover, we extend beyond the approaches of these aforementioned authors by employing a fixed-effects panel model in addition to IV as further a control for timeinvariant unobservables.
Data and Empirical Model

The Swedish Data Files
The variables we employ are constructed from register data from the GeoSweden database, containing annual income, education, labour market and population information on all Swedish residents age 15 and above. With the collaboration of Roger Andersson we have created a longitudinal database including all males who were residents of Sweden's largest metropolitan area, Stockholm, in each year from 1994 to 2006. 4 Since we focus on labour earnings as the endogenous individual characteristic of interest, we further confine our analysis to working-age males (ages 25-49 in 1994) . This restriction means that we analyse a sub-population that constitutes 58.2 per cent of the age-appropriate male Stockholm population in 1994 and 54.2 per cent of same in 2006. We emphasise that our full dataset includes observations of virtually the entire Stockholm population and thus we can compute annual population-based income-mix characteristics of neighbourhoods with great precision.
We operationalise 'neighbourhood' as the area delineated by a 'SAMS' defined by Statistics Sweden. The SAMS classification scheme is designed to identify relatively small, homogeneous areas by taking into account housing type, tenure and construction period. In urban areas, they come relatively close to people's notion of neighbourhoods (Andersson, 2001) . They have been used as proxies for neighbourhoods in many previous Swedish studies of neighbourhood effects (for example, Galster et al., 2008, Galster and Hedman, 2011) and residential mobility (for example, Andersson and Bråmå, 2004; Hedman et al., 2011) . The mean population of the 184 SAMS in Stockholm during our analysis period is 4259. Areas with less than 50 inhabitants are excluded from the dataset.
Our Structural Model of Individual Income and Neighbourhood Income Mix
Our two outcomes of interest are the individual's annual income from work ('income' hereafter, measured in Swedish kronor, SEK) 5 and the income mix of the neighbourhood. We focus on income from work since it encapsulates the net impact of educational credentials, labour force participation, employment regularity, hours worked and hourly compensation. Thus, any effect of neighbourhood income mix on individual income can be thought of as a reduced-form estimate working through any or all of the above causal paths.
Our choice of income mix as our neighbourhood variable has three reasons. First, it has been the focal point of several public policy initiatives in both the US and western Europe (Murie and Musterd, 2004; Berube, 2005; Briggs, 2005; Musterd and Andersson, 2005; Norris, 2006) . Secondly, previous literature on neighbourhood sorting has observed powerful patterns related to individual income and income mix of the neighbourhood (for example, Jargowsky, 1997; Andersson, 1998; Andersson and Bråmå, 2004; Musterd, 2005; Sampson and Sharkey, 2008; Hedman et al., 2011) . Thirdly, previous Swedish studies have found neighbourhood income mix to be more strongly correlated with individuals' subsequent socioeconomic outcomes than neighbourhood mix defined by ethnicity (Urban, 2009) , education, ethnicity, family status or housing tenure (Andersson et al., 2007) .
To measure neighbourhood income mix, we specify the percentages of working-age (20-64 years) males in the lowest and highest 30 per cent of Sweden's nation-wide male income distribution; the middle 40 per cent becomes the excluded reference category. For brevity we will subsequently refer to these groups as low-income, middle-income and high-income neighbours.
In our model of neighbourhood effects on income, we model in log-linear form 7 the annual income during year t (current year t = 0) for individual i residing in neighbourhood j as
where, I tij = annual income from work earned by individual i during year t; PI tij = personal characteristics in year t for individual i that affect income and can vary over time (such as level of education); PI ij = personal characteristics for individual i that affect income but do not vary over time (such as year of birth); M tij = average income mix of neighbourhood j where individual i resides during year t (percentages of low-and high-income males); L t = macroeconomic characteristics during year t (a set of year dummy variables); and eI ti = a random error term associated with the individual income equation. (Note that Greek symbols represent parameters to be estimated.) Neighbourhood selection, our second outcome of interest, is modelled with two equations operationalising neighbourhood income mix (M tij ) as the average percentages of high-income males and low-income males in the neighbourhood over the period t -1 to t, with the generic form
where, PM ti = other characteristics in year t for individual i that affect residential selection and can vary over time (such as family size); PM i = personal characteristics for individual i that affect residential selection and cannot vary over time (such as year of birth); and eM ti = a random error term associated with neighbourhood income mix equation. (All other symbols as before.)
To clarify the timing notation, we specify: in equation (1), that the average neighbourhood income mix (mean of observations from December t -1 and December t) affects income earned during the same period (measured at December of t); in equation (2), that the income measured in December t -1 affects average neighbourhood income mix experienced during the next year. Since we measure income as lagged, we only employ data from 1995 to 2006 in the analysis.
We operationalise the personal characteristics of individuals PI t and PI in equations (1) and (2) with a set of variables describing their individual demographic and household characteristics, educational attainments and features of their employment status. We also include a series of year dummies to measure unspecified macroeconomic conditions. We also have a number of variables that are exclusive to either equation. These variables and the exclusion restrictions are discussed further in what follows, given their importance in the IV specification. The full set of control variables and their descriptive statistics are presented in Table 1 .
Considerations of Potential Estimation Bias
We model income and neighbourhood income mix as endogenous for straightforward reasons. Individual income may affect what neighbourhood status can be afforded and/or preferred for reasons of status and quality of life. We recognise that selection may not be based on income mix per se, but on its many visible correlates. Nevertheless, powerful geographical patterns of income sorting have been observed (Andersson and Bråmå, 2004; Ioannides and Zabel, 2008; Hedman et al., 2011) . The income mix of the neighbourhood of residence may affect the income earned by individual residents.
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Income mix may serve as a proxy for a variety of potential endogenous and correlated neighbourhood effect processes affecting earnings (see Galster, 2012) .
Endogeneity and the aforementioned challenge of potential selection on unobservables may both produce biased estimates. The direction of bias on measured neighbourhood effect size from selection on unobservables is generally thought to be upward, although it may depend on the outcome under investigation (see Galster et al., 2008; and Ludwig et al., 2001) . The direction of bias on measured individual income effect size from selection on unobservables is likely to be the same, but has never been investigated.
The direction of bias imparted by endogeneity is less straightforward and can be explored with the aid of a simplified thought experiment portrayed in Figure 1 . Imagine that four individuals who are identical except for income (A L and B L lower income; C H and D H higher income) are randomly assigned to two neighbourhoods (A L and C H to a higher-income neighbourhood; B L and D H to a lower-income neighbourhood). Now consider various possibilities involving assumed neighbourhood effects on income and sorting across neighbourhoods on the basis of income. First, if there is neither effect, all four individuals will remain at their initial positions in Figure 1 and there would be no statistical association indicated by the scatter of these four observations. Secondly, assume that there is a linear neighbourhood effect whereby income is inversely related to the percentage of lower-income neighbours by the factor b, but there is no sorting by income. In this case, residents B L and D H in the lower-income neighbourhood would see their incomes fall ceteris paribus (to B However, this is not a general conclusion. Assume that there is a linear neighbourhood effect of the aforementioned magnitude b, but also neighbourhood sorting by income. In this case, it is impossible to predict a priori how the observed scatter of observations in Figure 1 will manifest itself, as both individuals A L and D H are 'moving' in uncertain ways. Whether the resulting estimate of b will be biased upwards or downwards will depend on the relative magnitudes of the two effects and, with more than one observation each of type A L and D H , on the shares of each type of individual that sort and the speed at which neighbourhood effects manifest themselves compared with the speed of sorting. Analogous arguments yielding the equivalent conclusions can be made when neighbourhood income mix is considered the dependent variable. Empirically, is endogeneity a concern in equations (1) and (2)? Indeed, Hausman tests show convincingly that it is. When the residuals of the first-stage equations predicting percentages of low-and highincome neighbours are added to equation (1) along with the suspected endogenous measures of these variables, their coefficients prove highly statistically significant (p values of 0.000 and 0.007 respectively). When the residuals of the first-stage equations predicting individual income are added to equation (2), along with the suspected endogenous measure, its coefficient proves highly statistically significant (p value of 0.000), although it does not in the equation predicting the percentage of low-income neighbours.
Our Econometric Strategies
We address these concerns over bias with both fixed effects and instrumental variables strategies. Our fixed-effect strategy essentially adds a set of individual-specific dummy variables to each equation estimated over a 12-year panel. This procedure controls for any time-invariant unobserved characteristics of individuals that may be correlated with income and neighbourhood selection, and thus removes the potentially biasing impact of these omitted unobservables (but not time-varying ones).
Our IV strategy employs the well-known two-stage procedure for generating instruments. In the first stage, the endogenous variable is regressed on exogenous variables that are its predictors but are excluded from the equation predicting the other endogenous variable. 9 The predicted values from this first stage, which by construction will be uncorrelated with the error term in the second-stage equation, are then used in place of the actual endogenous variables individual income and neighbourhood income mix in the second stage where the parameters of equations (1) and (2) are estimated. 10 In principle, these IV estimates should therefore avoid both sources of bias and produce consistent estimates of the effects of neighbourhood income mix on individual income and of individual income on neighbourhood income mix respectively.
To be an appropriate and efficacious technique, instrumental variables must be both valid and strong (Murray, 2006) . To be valid, IVs must: be uncorrelated with the error term; be correlated with the endogenous variable; and, not be otherwise included Figure 1 . Illustration of potential biases created by neighbourhood sorting by income and neighbourhood effects on income.
in the given equation. We posit that there are three variables that only affect individual income, not neighbourhood income mix other than through income (ceteris paribus), and thus serve as indentifying instruments-whether the individual was: on sick leave during the year; on parental leave during the year; and/or receiving preretirement benefits. Taking sick leave should affect annual income but not neighbourhood income mix once income is controlled, because being ill is usually an exogenous, transitory event. Similarly, being in pre-retirement status will affect income but should have no impact upon income mix once individual income, age and other family life-cycle characteristics are controlled. The same can be argued for taking parental leave, controlling for the characteristics of children in the household. Analogously, we posit that four sets of variables will affect neighbourhood income mix observed during year t but not the individual's income earned during that year (ceteris paribus): individual-partner ethnic combination; individual-partner ethnic combination interacted by number of children; individual-partner ethnic combination interacted by partner income; and proportion of males in each of three age categories of children in the household. These first three sets of variables may serve as proxies for the preferences to live with various ethnic combinations of neighbours, which are highly correlated with neighbourhood income profile. They may also be related to limitations in residential options due to discriminatory barriers. However, controlling for the individual's ethnicity, the number of children in each age category and the partner's income, neither the ethnicity of the partner nor this ethnicity interacted by that total number of children or partner's income should affect the individual's income. Similarly, we think it unlikely that, controlling for total number of children in each age category, the gender mix of children will affect the individual's income. Parents may, however, have special concerns about neighbourhood environmental influences when more of their children are of a specific gender.
The strength of the IVs is the degree to which they are correlated with the endogenous variable for which they stand in. Our first-stage regressions results show that we have acceptably strong instruments, using conventional standards (Table 2 ). In all three equations, we obtain F-statistics well above Stock-Yogo critical values. The IVs for the percentage of low-income neighbours pass the Sargan exclusion test. However, our IVs for income and the percentage of high-income neighbours do not completely meet the standard exclusion criteria. The R 2 values that we obtain when regressing the residuals from our secondstage regressions on our IVs are very low (0.0001) as desired, but still exceed the critical chi-squared values due to the extraordinarily large number of observations.
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We nevertheless argue for the validity of our IVs, based on logic and these empirical tests.
Findings
The current methodological standard in neighbourhood effect studies using nonexperimentally generated data is to employ fixed-effect models on longitudinal datasets of individuals and their residential circumstances, in an effort to circumvent bias from selection on unobservables (for example, Musterd et al., 2012) . We therefore estimate such a model to obtain parameters of equations (1) and to (2) and serve as a baseline comparison for results from our more ambitious model where we add IVs. a First ethnicity listed refers to male in sample, second to partner. Notes: * = p \ 0.05; ** = p \ 0.01; *** = p \ 0.001.
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Control Variables
In all variants of our models, the control variables generally perform as expected in equations (1) and (2); results from the fixedeffect model are reported in the Appendix (Table A1 ). All the subsequent results should be interpreted in the context of models containing these control variables. Incomes are greater for those who: have better educational credentials, recently changed their civil union status from couple to single, and have more children age 6-18. Younger children have a negative effect on income. Income is also positively correlated with being on sick or parental leave which is most likely to indicate that individuals who make use of these benefits are often employed. We also find a positive correlation between personal income and partner's income. Receiving pre-retirement benefits, studying or changing civil status from single to couple are associated with lower incomes. The coefficients of our year dummies signal a business cycle with the years around the turn of the millennium being the most prosperous.
As for the two neighbourhood income mix equations, living in areas with greater percentages of high-income neighbours is positively correlated with higher educational credentials, going from couple to single status and number of children of all ages, while negatively correlated with being a student and going from single to couple status. When regressing the same variables on the percentage of lower-income neighbours, the opposite results are found. Couples with two or one Swedish-born persons are less likely than couples with two foreign-born individuals to reside in areas with high percentages of low-income people, a relationship that pertains when interacted with number of children in household. However, when interacting the ethnic combinations of couples with partner's income, we find the opposite correlation-partner's income has the greatest effect on sorting for couples with two foreign-born individuals. The share of children being males is negatively correlated with the percentage of lowincome neighbours. Results are more or less the reverse when modelling the percentage of high-income neighbours as the dependent variable.
Fixed-effects Model Results
We estimate parameters of equations (1) and (2) using the generalised least squares (GLS) algorithm in STATA IC-11 for the estimation of fixed-effect panel models. Results for the endogenous explanatory variables are reported in the left panel of Table 3 . In overview, they provide strong evidence that neighbourhood income mix and individual resident income are mutually causal.
The individual income equation indicates that, across the entire spectrum of workingage Stockholm males, middle-income neighbours generally provide the most salutary economic environment. Decreasing the low-income share by one standard deviation (and implicitly increasing the middleincome share correspondingly) is associated with a 12.6 per cent income increase. In line with previous studies , decreasing the high-income share by one standard deviation (and implicitly increasing the middle-income share correspondingly) is associated with a 6.9 per cent income increase. Higher shares of lowincome neighbours may reduce residents' employment and income prospects due to, for example, anti-work socialisation effects, resource-poor networks and/or area-based stigmatisation. Higher shares of either middle-income or high-income males may engender the opposite causal processes, but only the middle-income ones may have sufficiently close social distances to all resident income groups to become effective peers, role models and transmitters of employment information resources through local networks. Fixed-effect model coefficients for the endogenous individual income variable in the two neighbourhood mix equations (2) indicate that income is associated with neighbourhood sorting as expected, but effect sizes are small. A one standard deviation increase in individual income is associated with a 0.10 percentage-point decrease in the percentage of low-income neighbours and a 0.33 percentage-point increase in high-income neighbours, on average over the next year.
Fixed Effects: IV Model Results
The second set of parameters, reported in the right-hand panel of Table 3 , estimates equations (1) and (2) in a similar fixedeffects panel data approach, but replaces the respective endogenous variables of neighbourhood income mix and individual income with their respective instruments whose estimates are presented in Table 2 . In overview, this approach substantially affects the size of the endogenous variables' coefficients (the control variables perform similarly to the baseline fixed effects model).
The results of the individual income model show that the negative coefficients of low-and high-income neighbour share IVs remain highly statistically significant and are magnified by a power of 10 when endogeneity is controlled, compared with the fixed-effects model when only selection on time-invariant unobservables is controlled. Roughly the same magnification occurs for the coefficient of individual income IV in the high-income neighbour equation. The only exception to this pattern is that the IV for individual income becomes considerably smaller and statistically insignificant in the equation predicting share of low-income neighbours. Thus, it appears that endogeneity arising from mutual causality results in substantially downward-biased estimates for both neighbourhood selection of highincome residential areas and neighbourhood mix effects on income, even when using state-of-the-art, fixed-effect panel models.
One potential explanation for this is differential sorting by income producing selective neighbourhood effects; see Figure 2 . Referring again to the thought experiment introduced in Figure 1 , the 'true' neighbourhood effect measured in the absence of sorting would be b
0 . Yet suppose that (consistent with our results) high-income person D H quickly sorted into a muchhigher-income neighbourhood than initially assigned, thereby minimising the exposure to a low-income environment and obviating its negative impact. High-income person C H may eventually sort into an even-higher-income neighbourhood, but perhaps not before reaping some positive effect from the initial neighbourhood. By contrast, low-income individuals have fewer sorting options. A L already lives in a high-income neighbourhood, most likely because the neighbourhood has mixed tenure or because A L bought her dwelling when prices were lower. Even though A L may benefit from her high-income Figure 2 . Illustration of downward endogeneity bias in measured neighbourhood effect from differential income sorting.
neighbours, her initially low income makes it unlikely that she will be able to translate income gains into an even-higher-income neighbourhood. Low-income person B L who lives in a low-income neighbourhood may, however, persistently incur a negative neighbourhood effect (in situ) or be forced to move into an even-lower-income neighbourhood if her income is eroded. The net result of this income-differentiated mobility is a scatter of observations (denoted by the triple apostrophes in Figure 2 ) potentially yielding a substantial underestimate of the 'true' neighbourhood effect.
Results from the fixed-effects and fixedeffects instrumental variable models of both neighbourhood effects and neighbourhood sorting are shown graphically in Figures 3 and 4 . In Figure 3 , the neighbourhood effect model is plotted. As shown in the figure, individual income (shown on the vertical axis) varies extensively with the share of low-income neighbours (solid lines) or percentage of high-income neighbours (dotted lines), regardless of the model. Yet, there are clear differences between the two models, where the instrumental variable model controlling for endogeneity (Black line) yields much larger estimates than the fixed-effects model (grey line) when the percentage of highincome earners in the neighbourhood increases.
In Figure 4 , the corresponding results are shown for the neighbourhood selection model, where neighbourhood income mix (either percentage low-or high-income neighbours) on the vertical axis varies according to both model used and individual income (on the horizontal axis). As shown in Figure 4 , the differences in results between the fixed-effects (grey line) and the fixed-effects instrumental variable (Black line) models are very small when the percentage of low-income neighbours is the dependent variable (solid lines). However, when modelling the selection according to the percentage of high-income neighbours (dotted lines), there are substantial differences between the two models. The change in percentage of high-income neighbours associated with an increase in individual income is much larger in the fixed-effects instrumental variable model controlling for endogeneity compared with the fixedeffects model. 
Discussion
Both the fixed-effects and the fixed-effects with IV models indicated a statistically and economically significant relationship between the percentage of low-income or high-income neighbours and an individual's income. As previously discussed in the paper, higher shares of low-income neighbours may reduce residents' employment and income prospects through a number of potential transition mechanisms-for example, poor local networks, socialisation and/or area-based stigmatisation. Highincome neighbours, on the other hand, may be too socially distant to become effective role models or bridges to (parts of) the labour market. These results challenge those who claim that there is no important, independent effect of neighbourhood context on economic outcomes (see Smolensky, 2007; Cheshire, 2007) . Furthermore, our results suggest that this relationship becomes substantially larger when endogeneity is addressed statistically. This finding holds true regardless of whether we look at the percentage of low-income or high-income neighbours, but the differences between the two models are substantially larger when we look at the percentage of low-income neighbours. Our findings thus suggest that virtually all previous statistical studies (that do not control for endogeneity bias) may have underestimated neighbourhood effects, as also suggested by Ludwig et al. (2001) . Although we urge caution in emphasising the precise magnitudes of neighbourhood effects (and implicit bias) estimated by our fixed-effect IV model, the patterns across the models are dramatic and suggestive. Unlike the neighbourhood effects literature, which clearly is cognisant of the statistical bias problems confronted in this paper, a similar discussion seems to be more or less missing in the neighbourhood selection literature. Nevertheless, neighbourhood sorting processes appear strongly affected by selection on unobservables (Ioannides and Zabel, 2008) . Moreover, we find that endogeneity leads to a substantial downward bias of the measured effect of individual income on the high-income share of the neighbourhood in which one resides. Thus, conclusions about income sorting based on conventional, point-intime correlations between income and neighbourhood characteristics risk being seriously erroneous.
Our results suggest that marginal gains in income have a much stronger impact on obtaining more high-income neighbours than fewer low-income neighbours. One element of explanation could be the relative dispersal of lower-income males, as evinced by the lack of 'disadvantaged' neighbourhoods in Stockholm. Only 10 per cent of neighbourhoods exceeded 40 per cent low-income males in 2006, and only six neighbourhoods exceeded 60 per cent.
13 Another potential part of the explanation is the geography of tenure mix that, coupled with non-market aspects of the Swedish rental housing regulations, often makes it possible to stay in a neighbourhood despite a decrease in income. Conversely, moving into homeownership is costly and homeownership areas tend to be the most homogeneous in terms of tenure and (higher) income. The positive correlation between income and share of high-income neighbours may thus be partly explained by housing career aspirations.
Conclusion
In this paper, we argued for a holistic approach when empirically estimating neighbourhood effect and neighbourhood selection models to avoid two sources of bias: selection on unobservables and endogeneity. We estimated a structural equation system wherein neighbourhood income mix and individual resident income are specified as mutually causal-individual income affects the income mix of the neighbourhood (through neighbourhood selection) and income mix of the neighbourhood affects individual income. Statistical tests verified the endogenous nature of these predictors. By adopting a fixed-effects model with instrumental variable proxies of the endogenous predictors, we addressed both sources of bias.
We found that both selection on unobservables and endogeneity are empirically important sources of potential bias in studies of neighbourhood effects and neighbourhood selection. Our IV approach produced substantially larger coefficients compared with a conventional fixed-effects model (with the exception of income predicting low-income neighbour share), implying that endogeneity generally biased measured neighbourhood effect and neighbourhood income sorting processes downwards. In other words, our results suggest that previous research not controlling for endogeneity may have underestimated the true neighbourhood effect. Similarly, individual income and marginal increases in such may have a stronger effect on type of neighbourhood chosen than suggested by previous research, especially in terms of the share of high-income residents in the neighbourhood.
We close by acknowledging that our results may not necessarily be generalised, produced as they were with a specific set of endogenous variables generated in one metropolitan area embedded in a particular social welfare state structure. We thus urge replication in other contexts. Nevertheless, we think our findings are sufficiently provocative to warrant concluding that endogeneity bias (not just bias from selection on unobservables) needs to be taken into consideration by studies empirically estimating neighbourhood effects and/or neighbourhood selection processes. Notes 1. Ioannides and Zabel (2008) , van Ham and Manley (2010) , Hedman and van Ham (2012) and Hedman et al. (2011) argue that one must uncover neighbourhood selection processes to accurately assess neighbourhood effects. They do not, however, extend the argument conceptually or empirically to consider how neighbourhood effects may alter neighbourhood selection. 2. As Gennetian et al. (2011) show, these biases can be substantial enough to seriously distort conclusions about the magnitude and even the direction of neighbourhood effects. 3. We do not model neighbourhood selection directly, but do so indirectly in two ways. First, given that neighbourhoods typically do not change their income mix radically over short periods, neighbourhood selection decisions made by relatively recent inmovers will still be reflected in their current neighbourhood income mix. Moreover, to the extent that these in-movers failed to predict future, unanticipated changes in income mix, these errors should be random and not bias the relationship between their current income and the current neighbourhood income mix. Secondly, current income mix should also reflect the selection of longer-term residents in as much as they would have moved out if the mix had turned unsatisfactory. Thus, the correlation between individuals' incomes and the income mix in locations they occupy does tell us something about how income affects both moving into and out of neighbourhoods of particular income mixes. 4. More precisely, our analysis populations are drawn from the metro Stockholm municipalities of Stockholm, Solna and Sundbyberg, which together roughly constitute the urban core. 5. Formally, income from work is computed here as the sum of: cash salary payments, income from active businesses and taxbased benefits that employees accrue as terms of their employment (sick or parental leave, work-related injury or illness compensation, daily payments for temporary military service or giving assistance to a disabled relative).
6. We choose a nation-wide standard for income groups, just as the US has adopted a nation-wide poverty standard. The Stockholm population is slightly overrepresented among both high-and low-income earners compared with the nation-wide distribution. In year 2000, the cut-off points for low-income were SEK 99 000 in Stockholm and SEK 118 000 nation-wide. Correspo-nding values for high-income were SEK 296 220 (Stockholm) and SEK 261 600 (nation-wide). 7. The log-linear transformation is not only appropriate given the positive skew of the income distribution, but also has sound grounding in economic theory, implicitly suggesting that income is a multiplicative (not additive) function of personal, neighbourhood and labour market characteristics. 8. We recognise that by specifying contemporaneous (M) we are suggesting that neighbourhood income mix has a rapid effect on individual income. There are several causal processes that make this possible (Galster, 2008) and new evidence indicates that short-term effects occur, although sustained exposures may be more powerful (Musterd et al., 2012) . 9. Since we are employing panel data, we also use fixed effects as exogenous predictors in this first stage. In preliminary trials we also experimented with the classic 2SLS procedure and regressed the endogenous variables on all the exogenous variables in the three-equation system: PI t , PI, PM t , PM, and L t . These IV estimates proved extremely unreliable and are not reported. 10. We constrained all predicted values to the range of actual values. 11. Sargan test results are available upon request. 12. In a companion paper (Galster and Hedman, 2011) , we estimate neighbourhood effect models with a wide range of alternative statistical models and compare results. 13. Most studies with an 'avoidance of disadvantage' perspective focus on the most deprived areas.
Funding Statement Table A1 . Parameter estimates for exogenous variables in both neighbourhood effect and sorting models in fixed-effect models (N = 1 085 256) 
